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Abstract

Synthesizing images from text descriptions is known to
be an important task recently. Generative Adversarial Net-
works (GANs) are widely employed to generate images
based on a sentence of description.However, current GANs
are still far from satisfaction. Most text-to-image synthesis
methods simply combine the text information as a condition.

We propose the Key-Value Memory Generative Adversar-
ial Networks (KVM-GAN) with a memory component to uti-
lize text information more effectively. In particular, the key-
value memory is written dynamically conditioned on word
information and a initial generated image. Then, the ini-
tial image is enhanced with fine-grained details via nontriv-
ial transforms between key and value memories. Our pro-
posed method is evaluated on two datasets, i.e., the Caltech-
UCSD Birds 200 (CUB) dataset and the Microsoft Common
Objects in Context (COCO) dataset. We compare the KVM-
GAN model with existing models using the Inception Score
(1S), Fréchet Inception Distance (FID) and R-precision. Ex-
perimental results demonstrate that our KVM-GAN model
achieves appealing performance compared with the state-
of-the-art, both quantitatively and qualitatively.

1. Introduction

The last few years have seen a remarkable growth in the
use of Generative Adversarial Networks (GANs) [3] for im-
age generation. Image synthesis based on the text descrip-
tion has been an important problem in artificial intelligence
nowadays. Fully understanding the relationship between vi-
sual contents and natural languages is an essential step to-
wards artificial intelligent, e.g., image search and summa-
rization.

Recently, most text-to-image synthesis methods employ
Generative Adversarial Networks (GANSs) to generate im-
ages based on text descriptions (see Figure 1). To generate
images that are well conditioned on input text descriptions,
a joint representation is learned to bridge the gap between

This small bird has a This bird has a blue People at the park
yellow crown anda  crown with white
white belly.

A living room with a
fireplace and glass
slider doors.

flying kites and
throat and brown walking.

secondaries.

Real images

Synthesized images

12014_000000577310 - COCO_val2014_000000453722
2pne 0.5 2 g2png

Figure 1. Example results of text-to-image synthesis by our KVM-
GAN model.

visual contents and natural languages. Most existing text-
to-image synthesis methods [20] simply combine text and
image feature vectors. AttnGAN [24] is conditioned on the
fine-grained word level information (e.g., word-context fea-
tures) via attention mechanism. However, we contend that
it is more powerful to dynamically reason over regions of
the image and word level information.

Memory network [26] offers a new architecture to recur-
rently read from text memory multiple times. Then, the tex-
tual features are combined together to generate a response.
The Key-Value memory network [ | 1] further allows encod-
ing prior knowledge for the considered task and leveraging
more complex transforms for memory operations. It gives
the model greater flexibility for encoding and reason knowl-
edge sources.

Inspired by the recent success of memory network, we
propose a novel the Key-Value Memory Generative Adver-
sarial Networks (KVM-GAN) which integrates the mem-
ory component in the context of AttnGAN [24] to enable a
dynamic reasoning over images and text descriptions. The
KVM-GAN writes word-level information as well as image
information into a key-value structured memory for text-to-
image synthesis after generating an initial image according
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to the whole input sentence. The memory writing opera-
tion reshapes the word embedding by focusing on the pixels
which are relevant to the word. Then, the memory compo-
nent is employed to combine the initial image and predict a
more realistic image, where the key memory is used to ad-
dress the relevant text information with respect to the initial
image, and the value memory is used to return the corre-
sponding memory. At last, a adaptive gating mechanism is
employed to control the combination of memory and image
features. We conduct experiments to evaluate the KVM-
GAN model with existing models using the Inception Score
(IS), Fréchet Inception Distance (FID) and R-precision. The
experiments on the CUB and COCO datasets demonstrate
that the MemoryGAN outperforms the previous image-to-
text synthesis methods. Specifically, our model improve
IS from 4.36 to 4.80 and decrease the FID from 23.98 to
16.33 on the CUB dataset. The R-precision, which measure
the matching degree between input text description and the
generated image, is improved by 4% on two datasets. Quali-
tative evaluation shows that our generative model generates
more photo-realistic high-resulution images. In summary,
we make the following contributions.

e We propose the MemoryGAN with a memory compo-
nent to conditionally improve the image quality based
on the text memory.

e We evaluate the MemoryGAN on the CUB and COCO
datasets, showing competitive performance with other
text-to-image models.

The rest of this paper is organized as follows. In section
2, we review the related work on generative adversarial net-
works and memory networks. Section 3 describe our KVM-
GAN model incorporating a memory component.In Section
4, we present an experimental evaluation on the CUB and
COCO datasets. Finally, we draw conclusions in Section 5.

2. Related Work

Generative Adversarial Networks. With the recent
successes of Variational Autoencoders (VAEs) [7] and
GANSs [3], a large number of methods have been proposed
to handle image generation task. Recently, GANs have re-
ceived great attention because of their capability to produce
sharp images. Apart from conditional generation models
(e.g., cGAN [12] and AC-GAN [15]) which generate im-
ages according to the given class label, generating images
based on the text descriptions gains interest in the research
community nowadays.

The text-to-image synthesis problem is decomposed by
Reed et al.[20] into two sub-problems: first, the joint em-
bedding is learned to capture the relations between natu-
ral language and real-world images; second, a deep con-
volutional generative adversarial network [ 18] is trained to

synthesize a compelling image. Dong et al. [2] adopted
the pair-wise ranking loss [8] to project both images and
texts into a joint embedding space. Since previous gener-
ative model fail to add the location information, Reed et
al. proposed GAWWN [19] to encode localization con-
straints. StackGAN [28] and StackGAN++ [29] generated
photo-realistic high-resolution images with two stages. In
addition, StackGAN employed a novel Conditioning Aug-
mentation technique to increase the training dataset and sta-
bilize the training. To diversify the generated images, the
discriminator of TAC-GAN [ ] not only distinguish real im-
ages from synthetic images, but also classifier synthetic im-
ages into true classes. Similar to TAC-GAN, PPGN [14]
included a conditional network to guided the generator to
synthesize images conditioned on a caption or a class. Yuan
et al. [27] employed symmetrical distillation networks to
minimize the multi-level difference between real and syn-
thetic images. Conditioning on the global sentence vector
may results in lower quality images, AttnGAN [24] first
generated low resolution images and then refined the im-
age to high resolution by using attention mechanism over
the image and word features. Besides, AttnGAN also pro-
posed an attention based model to map images and words
to a common semantic space. However, most text-to-image
synthesis methods simply use the text information as the
condition. For instance, directly concatenating the image
and text feature may resulted in neglecting either image or
text information.

Memory Networks. Recently, memory network [26, 17,

] provides a new architecture to reason answers from mem-
ories more effectively using explicit storage and a notion
of attention. Memory network first writes information into
a external memory and then reads contents from memory
slots according to a relevance probability. Weston et al. [26]
introduced memory network with the memory component
to produce the output by searching the supporting mem-
ories one by one. End-to-end memory network [22] is a
continues form of memory network, where each memory is
weighted according to the inner product between the mem-
ory and the input. Liu et al. [10] further employed highway
network to control the utilization of memory information
based on the current input. To understand the unstructured
documents, the key-value memory network [1 1] performed
reasoning by utilizing different encodings for on the key-
value structured memory. The key memory are used to infer
the weight of the corresponding value memory when pre-
dicting the final answer. Inspired by the recent success of
memory network, we introduce KVM-GAN, a novel net-
work architecture to update the key-value structured mem-
ory and enhance synthetic images with fine-grained details
via nontriv-ial transforms between key and value memories.
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Figure 2. The MemoryGAN architecture for text-to-image synthesis.

3. Key-Value Memory GAN
3.1. Overview

The KVM-GAN model is based on the architecture of
the AttnGAN [24] which significantly improves the im-
age quality. Figure 2 illustrate the overview of KVM-
GAN model architecture, including the key-value struc-
tured memory and the mutual-attention mechanism. Our
approach consists of three stages: text embedding, initial
image generation, and conditional image refinement.

Text Embedding. The target text description are en-
coded into a semantic representation with the deep atten-
tional multimodal similarity model (DAMSM) introduced
by AttnGAN [24]. The text encoder is a pre-trained bidirec-
tional LSTM encoder, which transforms the input text de-
scription into some internal representation, i.e., a sentence
feature and several word features. Each word feature w;
corresponds to the two hidden states of two directions. The
global sentence feature s is generated by concatenating the
last hidden states of two directions.

Initial Image Generation In this stage, we generate
a low-resolution image according to the sentence feature.
First, the sentence feature is fed into a conditioning aug-
mentation network, which resamples a vector from an inde-
pendent Gaussian distribution to augment training data and
avoid overfitting. Then, a deep conventional generator Gg
is employed to generate a image with rough shape and few
details.

Conditional Image Refinement. To generate a photo-
realistic image, we refine low-resolution images into high-
resolution images with more details. A naive way to en-
hance images with word-level information is to simply con-
catenate image features and word-level features. We argue
that it is more powerful to dynamically reason over regions
of the image and words using a key-value memory com-
ponent. Specifically, we first write word information com-
bined with initial image features into memories before rea-
soning on them in order to refine the image. The key-value
memories are designed to use key to address relevant word

features for each image pixel feature and read correspond-
ing values to generate a new image feature. Finally, we re-
fine the image using the adaptive gating mechanism to dy-
namically fuse the previous image feature and the new im-
age features. The refinement process is repeated two times
to retrieve more pertinent information and generate more
fine-grained details.

3.2. Image Refinement

For the given input word W and image [ feature repre-
sentation, we aim to learn a model to refine the image with
multiple stages. The key-value structured memory provides
a more effective way to utilize memory via nontrivial trans-
forms between key and value. The key memory and value
memory access process is conducted by two different neural
network using ¢ (m;) and ¢y (m;).

The refinement operation of the KVM-GAN includes
four steps:

e Memory Writing: Encoding prior knowledge is an
important component of KVM-GAN, which enables
recovering high-quality images from text. We write
word information into the memory after enhancing
word representation with the current image feature to
improve the word representation and reduce the impor-
tance of meaningless words. Instead of directly writ-
ing word features into memory, we employ a learned
gate to selectively update memory conditioned on an
image. The gate g; is computed as follows:

- 1 X
I=+ Z I
i=1
where T is the average image feature and A(B) is a

matrix which embeds image or text features into the
same feature space. Then, the memory m; is written
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by combining the image and word features with the
gate.

m; = Conv(w;) % g; + Conv(I) * (1 — g;)
where Conv() denotes a 1x1 convolution operation.

o Key Addressing: In this step, we retrieve relevant
memories with respect to the key memory. We com-
pute a weight of each memory slot as a similarity prob-
ability between the memory m; and the image features
I j :
exp(px (mi)"I;)

> exp(ox (mi)"1;)

where «; ; is the similarity probability between the i-

th memory and the j-th image feature and ¢ () is the
key memory access process.

@5 =

e Value Reading: The final output is defined as the
weighted summation of value memories according the
similarity probability. The output memory representa-
tion is obtained by:

0i = aijov(mi)

Jj=0
where ¢y () is the value memory access process.

e Response: After receiving the memory result, we
combine the current image and the output representa-
tion to provide a new image feature. A naive approach
will be simply concatenating the image features and
the output representation. It will be better to let the
model to decide how much information it wants to re-
ceive. We employ the adaptive gating mechanism to
dynamically control the information flow and update
the image feature the output representation.

gate = o(W|0;, I;] + b)
I « I % (1 — gate) + O; * gate

where W and b are the parameter matrix and bias term,

o is the sigmoid function, [, -] denotes concatenation
operation, and gate is the control gate for conditional
refinement.

3.3. Objective Function

The final objective function of the MemoryGAN is de-
fined as:

L= Z(LGi +Lpi) +AMLca+ XaLpansm

7

in which \; and \s are the corresponding weights.

Adversarial Loss: The adversarial loss for G; is defined
as follows:

1
Lg, = _5 EIEPGi [loyDi(xi)]

unconditional loss

1
_5 EIEPG;, [ZOgDz (X7 S)]

conditional loss
where the first term is the unconditional loss which make
the generated image real as much as possible and the second
term is the conditional loss which makes the image match
the input sentence s. The discriminator loss also includes a
unconditional loss and a conditional loss:

1 1
Lp; = *§ExepdmlogDi($i) - §E$€pcilog(1 — Di(z;))

unconditional loss

2 2

1 1
—5EBuepyaialogDi(zi,s) — 5 Evepg,log(l — Di(zi, 5))

conditional loss

where the unconditional loss is designed to distinguish the
generated image from real images and the conditional loss
determines whether the image and the input sentence match.

Conditioning Augmentation Loss: The Conditioning
Augmentation (CA) technique is proposed to augment
training data and avoid overfitting by resampling input sen-
tence vector from an independent Gaussian distribution.
Thus, the CA loss is defined as the Kullback-Leibler diver-
gence between the standard Gaussian distribution and the
Gaussian distribution of training data.

Loa = Drr(N(u(s), 5(s))[[N(0, 1))

DAMSM Loss: The DAMSM loss is introduced to mea-
sure the matching degree between images and text descrip-
tions. The DAMSM loss makes generated images better
conditioned on the input text description. Please refer to
AttnGAN by Xu et al. [24] for more details.

4. Experiment

In this section, we evaluate the MemoryGAN quantita-
tively and qualitatively, compared with the state-of-the-art
methods [24]. We implement the proposed KVM-GAN us-
ing the open-source Python library PyTorch [16]. We con-
duct all experiments on a desktop PC with two NVIDIA
GTX 1080 Ti and Ubuntu 16.04 installed.

Datasets. To demonstrate the capability of our pro-
posed method for text-to-image synthesis, we conduct ex-
periments on the Caltech-UCSD Birds 200 (CUB) [25] and
the Microsoft Common Objects in Context (COCO) [9]
datasets.

Evaluation Metric. We quantify the performance of the
KVM-GAN, comparing against that of existing methods, in
terms of Inception Score (IS), Fréchet Inception Distance
(FID), and R-precision. Each model generated 30,000 im-
ages conditioned on the text descriptions from unseen test
set for evaluation.
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Dataset GAN-INT-CLS GAWWN  StackGAN PPGN AttnGAN  KVM-GAN
CUB 2.88+0.04 3.62+0.07 3.70+0.04 ) 436+0.03  4.75+0.07
COCO  7.88+0.07 ) 8.45+0.03 9.58+£0.21 25.89+0.47 30.49+0.57

Table 1. Performance of inception scores for different methods on the CUB and COCO datasets.

o Inception Score [21]: The IS uses a pre-trained Incep-
tion v3 network [23] to compute the KL.-divergence the
conditional class distribution and the marginal class
distribution. A large IS means that the generated
model outputs a high diversity of images for all classes
and each image clearly belongs to a specific class.
Though the IS is widely used in recent generative mod-
els, the distance to the real-world images is still un-
known.

e Fréchet Inception Distance [5]: The FID computes
the Fréchet distance between the synthetic and real-
world images based on the exracted features from In-
ception v3 network. A lower FID represents the gen-
erated images is closer to the real-world images.

e R-precision: Following Xu et al. [24], we use the R-
precision to evaluate whether the generated image is
well conditioned on the given text description by re-
trieving relevant text given a image query. In practice,
we compute cosine distance between a global image
vector and 100 candidate sentence vectors, which is
extracted from the image and text encoders learned in
DAMSM. The candidate text descriptions include one
ground truth and 99 randomly selected mismatching
descriptions. For each query, if the top 1 retrieval re-
sult is the ground truth, then the R-precision is 1. Oth-
erwise, the R-precision is defined as 0. We divide the
generated images into ten folds for retrieval and then
take the mean and standard deviation of the resulting
scores.

Implementation Details. We employ the pre-trained
text and image encoding network in the DAMSM from At-
tnGAN and fix their parameters during training. For image
generation, we adopts a similar architecture of AttnGAN,
which consists of three stages where the first stage generates
initial images with 64*%64 resolution and next two stages
refine images to 128*128 and 256%256 resolutions condi-
tioning on word-level information using key-value memory.
We apply spectral normalization [13] to all discriminator
networks to avoid unusual gradients and improve text-to-
image synthesis performance. All networks are trained us-
ing ADAM optimizer [6] with batch size 10 and a learning
rate of 0.0002.

4.1. Text-to-image Quality

We conduct experiments to compare KVM-GAN with
the state-of-the-art models on the CUB and COCO test

Dataset Metric AttnGAN  MemoryGAN

CUB FID]) 23.98* 16.09
R-precisionf 67.82+4.43  72.31+0.91

COCO FID| 35.49* 32.64
R-precisiont 85.47+3.69  88.56+0.28

Table 2. Performance of FID and R-precision for different meth-
ods on the CUB and COCO datasets. The FID of AttnGAN is
calculated from officially released weights.

dataset.

IS. As shown in Table 4, our KVM-GAN achieves 4.80
inception score on the CUB dataset, which outperforms the
inception score of AttnGAN. In addition, KVM-GAN im-
proves the inception score from 25.89 to 30.43. The exper-
imental results indicate that our KVM-GAN model learns a
better data distribution than previous approaches.

FID. Table 4 shows the performance of FID on the CUB
and COCO datasets. Our KVM-GAN decrease the FID
from 23.98 to 16.00 on the CUB dataset and from 35.49
to xxxx on COCO dataset, which demenstrates that KVM-
GAN generates more photo-realistic images. Beacuse the
KVM-GAN is more effective to utilize word-level informa-
tion using key-value memory in text-to-image task.

R-precision. As shown in Table 4, the KVM-GAN im-
proves the R-precision about 7% on both the CUB and
COCO datasets. Higher R-precision indicates that the gen-
erated images by the KVM-GAN is better conditioned on
the given text description, which further demonstrates the
effectiveness of the employed key-value memory.

In summary, our KVM-GAN is much superior to other
text-to-image synthesis methods by a large margin.

4.2. Visual Quality

For qualitative evaluation, Figure 3 shows text-to-image
synthesis examples by comparing our KVM-GAN with re-
sult of the AttnGAN. In Figure 3(a), we compare some im-
age samples generated by the KVM-GAN and AttnGAN
on the CUB dataset. Compared with AttnGAN, our KVM-
GAN generates images with more vivid background and
convincing details, resulting a more photo-realistic images.
As shown in Figure 3(b), the imaged results seems less
photo-realistic due to the difficulty of the COCO dataset.
Our KVM-GAN still generates images with better quality,
which is better conditioned on text descriptions.

Figure 3 shows the initial images and the refined images.
In most cases, the initial images generates blurry images
with rough shapes and few details. In the next stage, im-
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Visualization result

Figure 3. Example results for text-to-image synthesis by our KVM-GAN and AttnGAN. (a) Generated bird images by conditioning on text
from CUB test set. (b) Generated images by conditioning on text from COCO test set.

This small bird has a  This bird has a blue This bird has a red A primarily black bird  People at the park Aliving room witha  Multiple people are A clock that is on the

yellow crown and a crown with white head, throat and chest, with streaks of white  flying kites and walk- fireplace and glass standing on the beach side of a tower.
white belly. throat and brown sec-  with a white belly. and yellow and a ing. slider doors. at the edge of the
ondaries. medium sized beak. water.
3
)
<
E
=
E

Enhansment stage 2 Enhansment stage 1

Figure 4. The results of different stages of our KVM-GAN. The first row shows the initial images with 64 * 64 resolution. The second
row shows the images with 128 * 128 resolution after one enhancement process. The third row gives the refined images with 256 * 256

resolution after two enhancement process.

ages are refined with word-level information. The refined realistic high-resulution images.

images first enhance the foreground objects with correct

color and fine-grained feathers. For instance,... Then the 5. Conclusions

background is fine-tuned to be more realistic with twigs

and leaves. In summary, our KVM-GAN has the ability In this paper, we presente a new architecture called

to refine low-resolution images and generates more photo- MemoryGAN which includes a memory component. The
memory component is especially powerful to focus on im-
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portant words and improve the image quality. Experiment
results on two real-world datasets show that MemoryGAN
outperforms the AttnGAN by both qualitative and quantita-
tive measures. In the future, we plan to develop Memory-
GAN with more powerful architectures and apply the model
to harder synthesis tasks (e.g. text-to-video synthesis). A
future research direction is to encode the relationship in the
text description into the image. Two images with the same
objects are different due to the position or interaction be-
tween objects (e.g. man riding bicycle and man pushing
bicycle).
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